Abstract. Hot mud has erupted in Sidoarjo, east Java, Indonesia since 29 May 2006. It started as natural gas exploration project and punctured a geological structure at a depth of 2.8 km, releasing unprecedented volume of hot mud volcano (5×104 m 3 /day). By November 2006, it was estimated that hot mud had spread over (2.89±0.10)×106 m 2 , swamping several villages with more than 10,000 people evacuated. In this research, by employing the advantage of spatial perspective of remote sensing imagery, the extent of hot mud spreading area and temperature distributions are derived from satellite images of the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) sensor onboard the Terra satellite. The mud spreading area was calculated using three visible/nearinfrared channels having a resolution of 15 m. Temperature distributions were calculated using the temperature/emissivity separation (TES) method on five thermal infrared channels with a resolution of 90 m. The standard and water vapor scaling (WVS) methods were applied in the atmospheric correction process prior to the TES process. The result showed that the mud continued spreading during five months after the eruption. After 3-5 months from the eruption, the estimated temperature was about 30-69°C in the mud spreading area. Also, estimations of the volume and weight of the hot mud were made on the basis of the visible of level 3A product of ASTER and ground survey data.
Introduction
Two days after a strong earthquake hit Yogyakarta, Central Java, a mud volcano mixed with stream of hot water erupted at 200 m away from Banjar Panji I hydrocarbon exploration well (Lapindo Brantas Inc.) in Sidoarjo, East Java, Indonesia on 29 May 2006 (Davies et al., 2006) . In the hydrocarbon exploration well, the drilling had reached a depth of 2.8 km when the accident occurred. The drill string was stuck in the well, resulting in the catastrophic eruption of a geyser of mud and hot water with a flow rate of (5-18)×104 m3/day (Mazzini et al., 2007) .
By November 2006, the mud had spread over 2.4×106 m Even if such pollution turns out to be non-hazardous, hot temperature itself can be threatening to the aquatic ecosystem. In fact, high volume of high-temperature mud has destroyed paddy fields and has turned houses and factories uninhabitable. It also will affect the ecosystem of the Porong River, a river next to the site (Figure 1 ). Vital infrastructures in the radius of spreading area, including main road, railways, a high-voltage electricity transmission line and a gas pipeline, which belongs to the National Oil and Gas Company (PERTAMINA) East Java, were buried under the site. On 22 November 2006, this gas pipeline exploded and killed 13 people on the spot. High temperature and heavy weight of hot mud were suspected as the main factor in this accident (Cyranoski, 2007) .
In order to prevent the further spread of the mud area, the government immediately built artificial embankments (man-made dam) that surround the mud eruption site. Because of the high mud volume, however, the embankments collapsed repeatedly. This led to further actions such as constructing a larger, secondary embankment system (named a "pond system"), diverting the mud flow to the Porong River and constructing a canal for draining the mud into the sea. In November 2006, the diameter of the pond system was about 2 km, covering many areas such as villages, paddy fields, factories and many living infrastructures.
ASTER sensor, installed on Terra satellite, has ability to collect high spatialresolution multispectral data in the wavelength range of 0.56-11.65 µm divided into three spectral ranges (Fujisada, 1994) . ASTER data has been used to analyze various phenomena on the Earth surface such as flood (Tralli et al., 2005) , glacier (Berthier et al., 2007; Paul et al., 2004) , volcano activities (Pieri and Abrams, 2004; Ramsey and Dehn, 2004) , and urban thermal conditions (Pu et al., 2006) . The present research will show the ability of ASTER to examine characteristics of mud eruption as part of Earth surface phenomena and application of ASTER data to such a disaster.
In an effort of evaluating this catastrophic event, this research examines hot-mud expansion size and temperature distribution in the hot-mud spreading area using remotely sensed data from visible and near infrared (VNIR) and longwave thermal infrared (TIR) channels of the ASTER sensor onboard the Terra satellite. The spatial expansion of the spreading area was retrieved using three VNIR channels, and the surface temperature of the relevant surface area was retrieved using five TIR channels. Other pieces of information such as the depth (embankment height) and weight of mud were also estimated by employing VNIR channels of ASTER data and the mud data obtained from the mud sample taken during a ground survey in November 2006. As a whole, this research exemplified the advantage of remote sensing, especially ASTER data, when applied to such a widely spread calamity. This study was organized as follow; section 2 is explaining about study site, data and methodology, including the standard and WVS atmospheric correction method. Section 3 is results and discussion section.
Methods

Study Site: Porong area
Porong district in Sidoarjo, East Java, Indonesia, is geographically located at 7°30´19"-7°33´46" S and 112°41´0"-112°44´1" E, about 900 km east of Jakarta and 14 km south of Surabaya (Figure 1(a) ). The land surface elevation of Porong area is in a range of 0-25 m above sea level (ASL), but the mud eruption site in the range 1-5 m ASL. The bedrock type in this area is Holocene volcanic and the soil International Journal of Remote Sensing and Earth Sciences Vol. 6, 2009 structure type is gray alluvial. Annual average air temperature is 27°C with average humidity of 40-80%.
Annual average rainfall was 1,612 mm and 1,626 mm in the year 2005 , respectively (Public Work Department Website, 2008 Sidoarjo District Website, 2006; Surabaya Goverment Website, 2006) : the rainfall rate increased during November until April. The district was divided into 19 villages including 8 villages that were swamped by hot mud. The study area, with a population of about 63000 (in March 2006), was covered not only by resident areas, paddy fields and factories but also by public infrastructures such as a highway, a railroad, city roads, a high-voltage distribution line, and a gaspipe distribution line, as shown in Figure  1 (a) (BAKOSURTANAL, 1997) . The Banjar Panji I well, the center of hot mud eruption is marked as T1 and T2.
The ground data (pictures, surface temperatures, mud sample, and elevation data) were collected on 8 November 2006. 
Data Analysis 2.3.1. NDVI and Classification
Numerous studies have demonstrated that remote sensing is an effective tool for natural resource inventory/interpretation and environmental monitoring including land characterization. Especially, monitoring of land changes can be achieved using multi-temporal and multiresolution data (Brack, 2007; McRoberts and Tomppo, 2007; Mezned et al., 2007; Miura et al., 2008; Muukkonen and Heiskanen, 2007) .
The mud eruption site was previously a large crop and paddy field area with a small part of residence area. By monitoring the vegetation dynamics using the normalized difference vegetation index (NDVI) (Hussin and Atmopawiro, 2004; Tucker, 1979) , dynamic changing of nonvegetation objects including mud can be detected. NDVI can be computed as (Paola and Schowengerdt, 1995) :
where RED ρ and NIR ρ are the reflectivity at the red and near-infrared part of the spectrum (band 2 and band 3), respectively.
The maximum-likelihood classifier, one of the most common techniques in image classification, is used here to classify land characteristics and detect changes in land coverage.
The maximum-likelihood classifier is a parametric classifier that relies on the second-order statistics of a Gaussian probability density function (pdf) that models each class. This method was often used as a reference for comparison of different classifiers, since in many cases the Gaussian pdf gives optimal result. The basic discriminant function for each class can be written (Paola and Schowengerdt, 1995) as: X and Ui, and the matrix Σ i can be given
The value in the mean vector, i U , and the covariance matrix, i Σ , are estimated from the training data by means of the following unbiased estimators:
and
where i P is the number of pixel in the training area of class i . In order for the inverse of the covariance matrix to be calculated, i P must be at least one greater than the number of image bands. By taking the natural log and discarding the constant π term, eq. (2) can be reduced to:
The discriminant ( ) i g X is calculated for each class and the class with the highest value is selected for the final classification map.
Surface Temperature
Retrieval of land surface temperature (LST) from ASTER TIR data requires decoupling surface temperature and emissivity. The standard TES algorithm developed for ASTER (Gillespie et al., 1998) , adaptable also for other multispectral images, relies on an empirical relationship between spectral contrast and minimum emissivity to equalize the number of unknowns and measurements so that the set of Planck equations for the measured thermal radiance (L) can be inverted. The TES algorithm consists of four modules, i.e., normalized emissivity method (NEM), ratio (RAT), maximum-minimum difference (MMD) and quality assurance (QA). Briefly, the NEM algorithm estimates initial temperature (T) values, from which NEM emissivities are estimated. By rationing the NEM emissivities using the RAT module, relative emissivities (β) can be found. Subsequently, in the MMD module, the β spectrum is scaled to actual emissivity (ε) , and temperatures are recalculated. Finally, the QA module evaluates the accuracy of the product (T, ε). More details about the TES algorithm can be found in Gillespie (1998) .
Generally, prior to the TES process, the following pre-processes must be applied to the ASTER TIR Level 3A data: radiance conversion, radiance recalibration and atmospheric correction. The radiance conversion is attained by means of unit conversion coefficients (UCC , Table 1 ) available from the header file. Radiance recalibration is not needed for the version 3 radiometric calibration coefficients (RCCs) employed in this study, since in 3.00 or later version RCC's have been determined using regression equations (Tonooka et al., 2004) . Two atmospheric correction methods, standard atmospheric correction (Palluconi et al., 1999) and water-vapor scaling (WVS) method (Tonooka, 2001) , are performed in this study. Brief explanations about both atmospheric corrections are given below. , Table 1 . Central wavelength and conversion coefficient for TIR channels of the ASTER sensor. (Palluconi et al., 1999) . MODTRAN code allows the retrieval of at-surface temperatures using atmospheric parameters estimated on a pixel-by-pixel basis. Major sources of atmospheric profiles and other MODTRAN data inputs used in ASTER/TIR atmospheric correction are the global data assimilation system (GDAS) product, provided by National Centers for Environmental Prediction (NCEP), and the Global 30 Arc Second Elevation Data Set (GTOPO30) interpolated to obtain surface elevation of each pixel. Other atmospheric profiles such as molecular scattering/ absorption are taken from models incorporated in the MODTRAN code. The radiation transfer calculation is implemented at each grid point of the ASTER/TIR image data.
The theoretical basis of radiative transfer for atmospheric correction in the TIR spectral region has been described in a previous paper (Tonooka and Palluconi, 2005) . With the assumption that variation of spectral emissivity is small and sensor bandwidth is adequately narrow, the sensor radiance under clear sky conditions can be approximated as:
where i is the band number, θ is the 
The separation between i ò and s T can be achieved by means of the following empirical equation (Gillespie et al., 1998): 0.737 min 0.994 0.68 MMD = − × ò (9) where min ò is the minimum emissivity and MMD is the maximum-minimum difference of apparent emissivity.
The standard atmospheric correction algorithm performs well in dry conditions, but less well under humid conditions. The water vapor scaling (WVS) method (Tonooka, 2001) , on the other hand, has proven to perform better in humid area as compared to the standard algorithm. Since the study area is located in tropical area and the mud stream erupted in high temperature, the WVS algorithm will be considered in this study and a brief description of the method is given below.
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Theoretical Basis of Atmospheric
Correction Using WVS Method The WVS method is a combination of the standard atmospheric algorithm and an extended version of differential absorption algorithm, which is known as the extended multichannel/ water-vapor-dependent (EMC/WVD) algorithm. Originally, this algorithm was not proposed for the atmospheric correction of ASTER/TIR (Palluconi et al., 1999) for the following three reasons: first, ASTER/TIR channels are located in the clearest atmospheric window region; second, the emissivity of land surface is generally not known as it is on water; and third, the algorithms are very sensitive to the measurement noise inherent in the instrument. Nevertheless, the EMC/WVD algorithm can be employed to improve atmospheric profiles used as input data to MODTRAN. Theoretically, the EMC/WVD algorithm is expressed as (10) where i is the band number, n is the number of bands, W is the estimated the For better accuracy, the algorithm is applied only to "gray" pixels (covered by materials with nearly constant emissivity close to unity), such as water, vegetation and some types of soil.
On the other hand, the algorithm should find an appropriate water-vapor scaling factor γ to improve the water-vapor profiles of globally assimilated data. The parameter γ is defined by In the actual application of the WVS method to ASTER/TIR data, further improvements have been made regarding the introduction of band-dependent γ  as well as the gray pixel selection (Tonooka, 2005) .
Results and Discussion
Figures 2 Although some misclassifications still occur, the maximum-likelihood classification yields better detection of mud areas than that based on NDVI. Table  2 shows the confusion matrics, overall accuracies, and kappa coefficients for all the data. The confusion matrix contains information about statistics for assessing image classification accuracy by showing the degree of misclassification among classes (Provost and Kohavi, 1998 ) and the kappa coefficient shows the statistical measure of the agreement. The overall accuracies are estimated to be 95.0%, 94.8%, and 91.4% for data on 3 November 2005, 3 September 2006, and 13 November 2006, respectively. Figures 3 and 4 show the distributions of emissivity and surface temperature, respectively, comparing the results between the standard and WVS methods of atmospheric correction. In the emissivity maps derived from band 11 (Figure 3) , similar distributions are found for the two methods on each observation day, but the WVS method yields better emissivity on the sea surface area (Figure 3 (b) and (d)) as compared with the standard method (Figure 3 (a) and (c) ). The WVS results exhibit homogeneous and almost unity emissivity over the sea surface area, as expected. Also, the WVS method shows better cloud detection and gives lower emissivity value for areas covered by cloud, shown on the lower part of Figure 3 (a-b) and (e-f). As summarized in Table 3 , emissivity values derived with the WVS method are generally higher than those with the standard method. The results obtained with the WVS method show lower temperatures than those with the standard method due to the difference in emissivity mentioned above. Figure 4 shows surface temperature distributions retrieved inside and outside the embankment. The black or white line in each panel shows the location of embankment line during the observation time (for the sake of comparison, the area is also indicated for panels before eruption). The three surface temperature images indicate that the temperature difference between the inside and outside of the embankment was not large. The water content of the mud has possible contribution to this result. Since the water content will raise the heat capacity and give the latent heat flux, the mud temperature was less sensitive to sun radiation and air temperature changes in comparison to surrounding areas, thus resulting in small temperature differences between the inside and outside of the embankment.
Applying current methodology in nighttime images (without sun radiation effect) in the future study is estimated will give better result for visualizing such kind of disaster. Surface temperature distributions outside the embankment from three different observation times show similar patterns, though on 3 September 2006, the temperature decreased both outside and inside the embankment (Table  4) . Therefore, the total weight of the mud is calculated to be (5.4±2.0)×1010 kg and (6.1±2.3)×1010 kg, respectively. 
Summary
In this research we have investigated the regional effect of the hot mud eruption in east Java using the ASTER imagery. The VNIR data are used to delineate the mud area, and the TIR data are used for the estimation of surface temperature. Classifications based on NDVI and maximum-likelihood methods have been tested for extracting the mud spreading area from VNIR data. While the NDVI method is useful to detect changes in vegetated areas, better accuracy is obtained with the supervised, maximum-likelihood classification method in terms of the retrieval of mud spreading area.
Surface temperature was retrieved from the ASTER TIR data using the standard TES algorithm. Prior to the TES, both the standard and WVS atmospheric correction algorithms have been applied and compared. It was turned out that the WVS method performs better for humid area than the standard method, giving uniform and almost unity emissivity values on sea surface areas, as expected.
The information retrieved on hot mud eruption can be summarized as follow. The mud area was (2.89±0.10)×106 m 2 and the temperature of the mud, retrieved with the WVS method, was 37.8 to 60.4°C on 13 November 2006. Assuming the mud depth of 15±4 m, mud volume and weight on 13 November 2006 were estimated as (4.3± 1.2)×107 m 3 and (6.1±2.3)×1010 kg, respectively. As a whole, this research has demonstrated the capability of the ASTER data product in offering regional estimation of the parameters that are indispensable for evaluating and confronting a large scale calamity.
